The spread of electrical storage devices continues to be underpinned by the limited charging currents that can be applied. The limitation arises from the lack of sufficient high power charging stations, either at home or along roads and highways, and from the maximum admissible current that can be applied to the battery before undesirable degradation mechanisms are triggered. Accordingly, most traditional charging protocols limit the charging current as a function of the standing state of charge of the battery. These protocols are designed empirically and restrict the potential benefit of more flexible charging options. However, the alternative to traditional protocols must rely on a more precise knowledge of the operating constraints and on advanced control techniques to compute online the best operating plan. This work presents a model predictive control (MPC) application to minimize the charging time of a lithium-ion battery subject to electrochemical and thermal constraints. The satisfaction of these constraints ensures that the battery degradation is minimized, or at least mitigated. The programming language Modelica and the optimization and simulation framework JModelica.org is used in combination with Python language to assess the computing time and potential use of MPC and the developed cell models in commercial batteries.
Introduction
Lithium-based battery cells dominate the spectrum of electrical storage when it comes to portable electronic/-electric devices. These cells can withstand thousands of charge-discharge cycles before degradation makes them unusable. However, when the batteries are charged at high rates, the expected life is reduced. In general, the degradation rate depends on the charging current and the cell temperature. Empirical results show that operation above 40 • C can dramatically reduce the life of the cell (Wang et al., 2011; Ecker et al., 2012) . The same results from operating at low temperatures (below 10 • C).
High charging current increases the voltage of the battery due to the effect on the cell of the electrochemically induced overpotentials. This observable effect is a con- * Corresponding author sequence of the ohmic, charge transfer, and diffusion resistances (Gerl et al., 2014) . When these exceed certain thresholds then the side-reactions that cause cell degradation are triggered.
The overpotentials depend on the current applied I, the temperature T , and the state of charge (SOC). It is expected, therefore, that if certain operating constraints defined as a function of these variables are not violated, then the degradation mechanisms will be ceased or at least slowed down. How these constraints are identified and modeled has been covered recently by different authors (e.g. (Moura et al., 2013; Romagnoli et al., 2017) ). It has been more common, however, to use empirical results of capacity and power fade (degradation) as a function of SOC, I and T , to subsequently obtain empirical degradation expressions by some fitting procedure. The resulting expressions can be used in combination with control schemes to maximize the benefit of utilizing the cells in the best possible way, often optimal under certain criterion.
In the recent years, Modelica has been chosen by many research institutions and companies to study the interaction of batteries with other systems such as power-trains, cooling devices, or power electronics. The componentoriented programming facilitated by Modelica can be used to compare multiple configurations in the design stage, as well as to optimize the size and operation of battery systems. Several libraries have been developed in the last years ( (Dao and Schmitke, 2015; Uddin and Picarelli, 2014; Gerl et al., 2014; Bouvy et al., 2012; Brembeck and Wielgos, 2011; Einhorn et al., 2011; Janczyk et al., 2016) ), which have been validated with experimental data. Applications have focused mostly on hybrids, plug-in hybrids, and full electric vehicles, with emphasis on fuel economy (Batteh and Tiller, 2009; Spike et al., 2015) , thermal management (Bouvy et al., 2012) , and battery aging (Gerl et al., 2014) . Despite the significant effort, there is still some room for improvement in the area of constrained control techniques using Modelica to explicitly account for electrochemical and thermal operating boundaries.
This paper presents an optimal control strategy to charge a lithium-ion battery cell subject to electrochemical constraints. The model used to describe the cell dynamics and to draw the operational limits is the so-called Equivalent Hydraulic Model (EHM), which is linear on Proceedings of the 13 th International Modelica Conference DOI March 4-6, 2019, Regensburg, Germany 10.3384/ecp19157229 the two electrochemical states (state of charge and critical surface concentration), and nonlinear on the output voltage. In addition to the electrochemical states, the cell temperature dynamics is also modeled and constrained. The optimal charging profile is obtained and applied over a receding horizon following a classical MPC approach, and is implemented in Python and JModelica.org. The optimal control strategy is compared with a commercial constantcurrent/constant-voltage (CCCV) charging protocol that is the standard in most applications, illustrating the benefits of the optimal constrained charging strategy.
The remainder of this work can be summarized as follows. Section 2 introduces the EHM model and its extension to include the temperature state. Section 3 describes the conventional and the optimal charging strategies, as well as the implementation details. Results and their discussion are covered in Section 4, followed finally by the conclusions and future work.
Battery modeling and control
This section presents a reduced order model of the battery cell taken from the literature, as well the description of the coupled thermal model and two control strategies that are later compared for battery charging.
Equivalent Hydraulic Model
The equivalent hydraulic model (EHM) was first proposed by (Manwell and McGowan, 1993) for lead acid batteries, but it has been recently applied to lithium-ion cells as a reduced-order electrochemical battery model. Figure 1 depicts the physical meaning of the model states and how they interact with the flow of lithium ions. The model captures the dynamics of an idealized two-layer single particle within which lithium accumulates. The dynamics can be represented with more traditional two-tank hydraulic model (?). In continuous-time, this model takes the form
where SOC and CSC are the state of charge and the critical surface concentration of lithium ions respectively, I is the applied current in [A · m −2 ], and g, β and γ are constant parameters as defined in (Couto and Kinnaert, 2018) . The convention of negative currents for battery charge is respected here.
The positive electrode dynamics are usually faster than the negative electrode ones, which motivates the assumption of fast dynamics for the former electrode, i.e.
where ρ and σ are also constant parameters. The output voltage of the battery is a nonlinear function consisting of Figure 1 . Equivalent hydraulic model and the spherical-solid particle representation (Couto et al., 2016) . u(k), q 1 and q 2 are, respectively, the lithium flow, and the bulk and surface lithium concentration the open-circuit voltage ∆U, the surface overpotential η ± s and the film resistance R f given by
where ∆U = f (SOC, CSC) and
where z = CSC + = ρSOC + σ for the positive component and z = CSC for the negative one, and C and θ ± are constant parameters. All parameters and functions of the EHM are chemistry dependent.
In order to avoid the main side reactions that compromise battery life and its safe operation, the battery overpotentials should be restricted through constraints. These constraints are in general nonlinear, which may result in solution spaces that are nonconvex (Romagnoli et al., 2017) . However, it is possible to convexify the solution space with more conservative linear constraints of the form:
where α i and β i are the parameters associated to the linear approximations of the nonlinear side reaction constraints, and n c is the considered number of linear constraints. In this work, only two linear approximations are used to describe the nonconvex solution space.
Besides electrochemical side reactions, there are operational limits of the electrode materials that need to be respected. Introducing or extracting more Li-ions that the allowed limit SOC max results in accelerated battery degradation (Tang et al., 2009; Hausbrand et al., 2015) . Finally, a maximum input current I max could also be imposed, which represents a given maximum C-rate, which is a multiple of the current that charges the battery in 1 hour. If the capacity of the battery is 34 [Ah · m These constraints take the following form for the charging process
Thermal Model
The previous reduced-order electrochemical model can be augmented to include the effect on the cell temperature of the heat generated when charging or discharging the battery. The augmented model is nonlinear because the heat generated depends on the product of voltage and current, both variables of the system. The first order differential equation governing the thermal dynamics can be written as
where T cell is the cell temperature, m cell is the cell mass, C p,cell the specific heat, h is the overall heat transfer coefficient (accounting for convection and conduction), A is the heat exchange area, T amb is the ambient temperature, anḋ Q gen is the heat generated by the cell.
The thermal model for simulation is based on (Onda et al., 2003) , where the total heat generated is defined aṡ
where T ref is a reference temperature, and
dT can be calculated as the entropy change ∆S divided by the Faraday constant (F). The value of ∆S is based on a LiNiCoO 2 pouch cell (Uddin et al., 2014) .
The cell ohmic resistance R int can also be used to calculate the heat generated asQ gen = I 2 R int . In this work, and for the benefit of the predictive controller proposed in the following section, this expression of the heat is used in combination with the one-dimensional thermal model of the battery to approximate the heat exchange process.
Temperature constraints are motivated by the larger aging rates of batteries at higher temperatures as their lifespan roughly halves for each 13 • C increase in average battery temperature (Keyser et al., 2017) . The resulting upper constraint can be defined as follows:
A lower bound constraint is not considered in this work, but it would be necessary should ambient temperatures drop below 10 • C.
Standard Charging Protocol
Standard charging protocols such as the constant currentconstant voltage (CCCV) and its variations (Keil and Jossen, 2016) rely only on voltage measurements to reach a desired SOC. A typical CCCV protocol consists of a charge period under constant current (CC), followed by a constant voltage (CV) stage. The CV stage begins when a predefined voltage threshold is reached, and terminates when either a fixed maximum duration time or a minimum current threshold is achieved. The CV stage can be driven by a proportional feedback controller which in practice leads to a progressive reduction of the current as the reference voltage is reached; this is the approach followed in the present study.
Constrained Control
A widely used strategy to cope with constrained control problems is MPC (Camacho and Bordons, 2004) . Model predictive controllers calculate the future control actions on the process, u(t), by solving an on-line optimization problem subject to constraints that can be written as
The optimization problem (12) minimizes a cost function that depends on the predicted tracking error (given a desired reference SOC ref ) and the control effort. The former is the difference between the SOC and its reference. The latter depends on u(t), which is the sequence of control actions on the system, i.e., the applied current. The time horizon (t f − t 0 ) is discretized into a finite number of time steps in which the variables of the problem are defined. Constraints include the predictions performed with a simplified battery model, as well as upper and lower bounds on states, outputs, input, or a combination of these.
3 Case Studies and Implementation Figure 2 shows the control scheme adopted. The controller, which is either based on the CCCV protocol or on MPC, can receive information regarding the reference, outputs and measured disturbances. It is assumed in this work that the effect of the disturbances is negligible. 
Proceedings of the 13 th International Modelica Conference DOI March 4-6, 2019, Regensburg, Germany 10.3384/ecp19157229 Regarding the CCCV protocol, the stopping conditions and setup parameters for the proportional controller used are shown in Table 1 . I end and V thres are the termination current and the voltage threshold respectively. ∆t coincides with the simulation time step, and is the rate at which the controller is implemented. K P and K I are the proportional and integral coefficients for the PI controller, and V ref define the voltage reference to calculate the error. In order to ensure a smooth transition between the CC and CV stages, the applied current in the later was filtered using the arithmetic mean of the calculated and a number of past applied currents (this number is 9 in this work). The implementation in Modelica of both the plant model (Appendix I), used for simulation, as well as the prediction model (Appendix II, including constraints) are included at the end of the document. Both are based on experimental data obtained for a commercial LCO batteries (Turnigy Nano-tech, 160mAh (Turnigy, 2018)). The optimal control problem was solved with the programming language Python and JModelica.org. The latter is an open source platform for optimization, simulation and analysis of complex dynamic systems (Link et al., 2015) . It interfaces the numerical solver IPOPT and CasADi, which is an open source symbolic framework for automatic differentiation and optimal control (Andersson et al., 2012) . The Python program to compute the MPC problem is also included in Appendix III. Table 2 shows the settings for the NMPC algorithm, which is solved using the interior point method, where n e is the number of finite elements, n cp is the number of collocation points in each element, H is the control horizon, ∆t MPC is the sampling time and the length of each time interval for the MPC, ∆t sim is the simulation timestep.
Results
In this section, we present results regarding current, temperature, voltage and critical surface concentration. The values for the current applied are shown in the units of the model (I · m −2 ), but are also referred to in terms of the equivalent C-rate.
CCCV Protocols
The results of the application of three CCCV charge profiles with increasing constant current are discussed first. Figure 3 presents the current profiles, calculated by the proportional controller and limited by the prescribed CC current.
As expected, the increase of the CC rate reduces the charging time: around 4165 s for 1C, 1975 s for 3C, and 1590 s for 5C. These values depend on the battery chemistry, the controller setup, and the termination conditions. Figure 4 shows the consequence of using charging protocols that overlook the existence of an electrochemically safe operating region. The grey area denotes the combination of I and CSC where side reactions are triggered. Figures 5 and 6 show the respective results for voltage and temperature. The first figure illustrates the effect of the proportional controller, which takes the same parameteres for the three CCCVs. Regarding the temperature, as expected, the maximum temperature achieved varies significantly with the current applied. However, an equally important fact is that the higher the Crate of the CC stage, the longer the cell's temperature remain above ambient temperatures. This means that calendar aging, i.e., the aging that takes place with zero current conditions and which depends on the cell temperature, will be higher for the higher C-rate CCCVs. For 1C CCCV the temperature increase remains below 5 • C. Given the relationship between aging, current and temperature, it is not surprising that most manufacturers recommend the use of low C-rates for charging (below 1C).
Nonlinear MPC
In this section, we compare the previous results for 5C CCCV with the thermally unconstrained (NMPC) and constrained (NMPC_T) optimal controllers. For the latter, the maximum temperature allowed (T max ) is 35 • C. This choice is arbitrary, but well below the maximum temper- ature achieved by the 5C CCCV, and so suitable for illustrating the methodology. In practice, to properly select the boundary one should have an estimation of its impact in the battery's long-term performance, so to measure the economic gains from setting such a boundary. This issue is not addressed in the present paper. Figure 7 shows the current profiles. Regarding the optimized profiles, they remain qualitatively close for most of the charge, except for an interval in which the current is decreased to enforce the temperature constraints for the NMPC_T, which slightly increases the charging time. Figure 8 shows the admissible charging region, now with the NMPC and the NMPC_T profiles. Both remain electrochemically feasible throughout the charging process but, as a consequence of the temperature constraints, the NMPC_T departs from the electrochemical convex hull. In this figure, as well as in Fig. 7 , it can be observed that the NMPC_T resembles a CCCV with boost charge. This charging protocol can reduce significantly the life of the cell, as shown by (Keil and Jossen, 2016) . In their work, the authors present experimental results considering boost current of 5C that fills 40% of the capacity, including the following intervals: 0%-40%, 10%-50%, 20%-60%. The first interval results in the highest degradation, which is explained as a higher cell resistance at low SOC. Nevertheless, these three boost-charge profiles bring the 5C current into the region of side reactions, similar to what results with the 5C CCCV in the present paper (Fig. 5) .
Finally, results for voltage and temperature are presented. As anticipated in the previous subsection, the electrochemical constraints limit the rate at which the voltage approaches the SOC reference. Regarding the temperature profiles, a ∆T = 4 • C reduction is obtained just by imposing electrochemical constraints with a further decrease when activating the thermal constraints. Taking into account that aging increases exponentially with temperature, these differences could improve the battery life at the expense of increasing the charging times. These are 3520 s for the thermally unconstrained, and 3720 s for the thermally constrained. It is worth noting that NMPC is charged up to 80% (SOC = 0.55) in 960 s, while the NMPC_T is charged up to this SOC in 1500 s. For the model used, CSC deviates only slightly from the SOC, and thus the charging times can be obtained comparing I-CSC and I-t plots.
Solution times when solving the NMPC problem at each time interval remain close to 0.15 s, while for the thermally constrained NMPC rise slightly up to 0.20 s. In any case the total time surpassed 0.3 s. Given the nonlinear controller update rate (10 s), this ensures that in absence of great disturbances, both controllers can be applied online, if the tools needed for estimation remain in the same order of magnitude.
Conclusions and Future Work
The fast and safe charge of lithium-ion batteries remains an open problem. Most charging protocols rely on empirically obtained parameters, and generally result too conservative, limiting the flexibility of operation. This work presents the modeling, simulation and control efforts to better understand the open challenges. In particular a NMPC scheme was implemented in Python and JModelica.org, which provides an excellent platform to compare the results of optimization-based control methods with more traditional charging protocols that rely on relay, proportional, or PI controllers.
It can be concluded that the NMPC solver can be applied on-line, and that charging time can be reduced compared with CCCV protocols while complying with electrochemical constraints, which will presumably extend the battery life. However, adding thermal constraints can significanly limit the advantage of the optimal controller regarding the charging time. Arising from the simultaneous application of electrochemical and thermal constraints are boost-charge-like charging strategies, which make possible to charge up to 80% the battery in less than 30 min. Ongoing work focuses on time constraints to enforce a certain level of SOC within a given time, and on an optimization scheme to pre-compute electrochemically and thermal safe CCCV with boost charge. 
